ABSTRACT The main task of vision-based industrial defect inspection is to implement efficient non-contact visual quality control, i.e., to detect if there is a defect and to achieve an accurate 3D shape measurement of such a defect, and this kind of vision defect inspection system has been widely applied in various industrial application. However, it is still not the case in the inspection of transparent microdefect on the polarizer (which is the most important part of an LCD screen). Optical measurement devices (such as confocal microscopy) are often utilized to fulfil this task. To solve problems lied in the current confocal microscopy inspection system, such as expensive and non-real-time processing, this research aims to develop a novel vision-based 3D shape measurement system for polarizer transparent microdefect characterization. The innovation of this system, which has been verified by our optical model simulation, is that the 3D sizes of microdefect have a monotonically relation to the grayscale of the microdefect image. Hence, a microdefect imaging system, which could acquire defect image accurately, is first well designed and implemented. Then, a support vector regression (SVR) algorithm is derived by the trained data, i.e., 100 acquired defect images and its corresponding 3D shape value by confocal microscopy. Characterized 3D measurement of microdefect is thereby obtained by this SVR algorithm. 30 polarizer microdefect samples have been imaged and measured by our proposed system, and several important performance indicators, including processing speed, accuracy and system reproducibility, have been elaborately tested. The experimental results show that the proposed system could achieve a high-accuracy measurement but in a much faster and more efficient way than the confocal microscopy. Besides, this developed imaging system has been evaluated in real applications, and over 300 samples have been detected, which also validate the effectiveness of the proposed system.
I. INTRODUCTION
Industrial vision inspection, as one of the hottest researches and application topics in computer vision and artificial intelligence, has attracts more and more attention from both the academia and the industry [1] - [8] . Many specific inspection systems have been developed and deployed in some industries such as printed circuit board (PCB) [9] , [10] , mobile phone glass covers processing [11] , [12] . Polarizer, as one of the most important component of liquid crystal display panel
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(TFT-LCD), its quality control and defect inspection has become more attentive and concerned [13] , [14] .
The main task of polarizer inspection system is, to detect if there is a defect, and to achieve an accurate 3D shape measurement of such a defect for further decision-making, i.e., whether this defect is small enough to be recovered automatically after the polarizer is attached to the glass plane (''True defect''). Some preliminary polarizer inspec-tion systems have been developed in the past few years [15] , [16] , however, they can only detect if there are some type of defects but cannot decide whether it is a ''True'' or ''False'' defect. Researchers must resort to expensive optical instruments such as confocal microscopy to fulfil this task, which VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ is time-consuming and non-real-time process. Therefore, it is urgent to develop a vison-based fast 3D shape measurement system for polarizer transparent microdefect characterization.
There are a few vision-based defection measurement systems have been developed in industrial applications. Chen et al. [17] purposed a multi-vision deformation measuring system to extract the 3D contour of the curved plate which sized of 350 mm × 250 mm × 25 mm. Liu et al. [18] presented a fast rail wear measurement method based on a line structured light vision sensor. Xu et al. [19] proposed a rapid 3D shape measurement system based on mono-chromatic structured light patterns for Automobile industry usage. Cuypers et al. [20] focused on large-scale optical measurement cases about a large iron casting and double-decker train. Cao et al. [21] proposed a large-complex-surface surface defect detection system, and the size of detection area on the equipment cabinet surface is 500 mm × 470 mm. These systems were developed to ac-quire the 3D shape measurement either by multi-camera vision or structured light vision, and none of them could be applied to the measurement of polarizer defect due to its super-small size. Hence, new imaging system for 3D shape measurement of polarizer microdefect need to be further developed.
In existing research, most of the visual measurement measures the three-dimensional shape of the object through the deformation of the coded pattern, and is usually used to measure the external size [22] - [25] , but for transparent internal objects, especially for micro objects, this method is not suitable. A novel vision-based fast 3D shape measure-ment system for polarizer transparent microdefect char-acterization, is elaborately researched in this work. The innovation of this measurement system is that the 3D sizes of microdefect have a monotonically relation to the grayscale of the microdefect image, which has been verified by our optical model simulation. Followed by a thorough requirement analysis for reliable rendering of all possible feature in the polarizer microdefect, a microdefect imaging system is implemented. There is the main part of this system: illuminant, lighting condition, and imaging camera have been considerably designed and developed. The proposed imaging system has two advantages, one is an easily configurable hardware-software structure and maintenance-easy, thanks to the internal independence of its components, the other is that selection and optimization of imaging system components can guide the construction of other systems. Then, a support vector regression (SVR) algorithm is derived by the obtained trained data, i.e., 100 acquired defect images and its corresponding 3D shape value by confocal microscopy. Characterized 3D measure-ment of microdefect is thereby obtained by this SVR algorithm. Lastly, the performance of this system is careful-ly evaluated by several important indicators including processing speed, accuracy and system reproducibility.
The remainder of this paper is organized as follows. Section II describes the optical model simulation of system. Section III describes the structure of measurement system and corresponding requirements for each model to obtain high-quality defect images. Section IV introduces the imag-ing experiment and data acquirement of defects. In Section V, we conduct the performance analysis of the proposed system. Lastly, Section VI outlines the conclusion of this paper.
II. OPTICAL MODEL SIMULATION
In the previous research, the microdefect of polarizer was equivalent to a micro-plane-convex lens model, and the illuminant finally formed a bright spot image on the imaging plane through the micro-lens. By further comparing the defect samples of different sizes, we found that the grayscale of the center of the bright spot image varies with the depth of the defect [26] - [28] . In view of this phenomenon, we proposed the assumption that there is a functional relationship between the physical depth value of the defect and the grayscale of the spot center. At the same time, we also designed optical simulation to further verify this hypothesis.
Firstly, we used TracePro [29] - [31] to simulate the defect imaging system, and then gradually changed the depth value of the defect to obtain a series of defect spot images, finally we explored the relationship between the grayscale of the bright spot image center and the physical depth value of the defect. Fig. 1 shows the optical path diagram of the imaging system and the simulation model of defect simulated by TracePro. The simulated imaging system includes three parts: stripe structured light source, polarizer with defects and imaging plane which is equivalent to the imaging target surface of the camera.
Then, we designed a comparative experiment of defect imaging on the designed simulation imaging system. Under the condition of keeping the illuminant and optical path structure ( A = 25 mm and B = 35 mm) unchanged, a series of bright spot image of defects with different sizes were obtained by gradually changing the depth of defects. In this simulation, we first designed six groups of comparative experiments, the depth range of defects was 2µm-22µm, the interval was 4µm, so as to obtain six different bright spot image of defects. Then a group of defect-free imaging experiment was designed and compare with the other six groups of experiments. From the experimental results of defects in Fig. 2 , this can be seen that the brightness of the bright spot center of defects increases gradually with the increase of depth, and the texture of the bright spot becomes more and more abundant.
Finally, we extracted the irradiance of the center of bright spot image form the result of imaging simulation. From Table 1 , it shows that the irradiance at the center of the spot increases with the depth of the defect, i.e., from 0.190W/m 2 to 0.589W/m 2 and 0µm − 22µm, respectively, and the irradiance at the center of the spot is higher than that at the background. In particular, the irradiance represents only the intensity of the luminous flux in the imaging plane. What's more, the same increasing trend could be noticed from Fig. 3 .
From these simulations, we could summarize three aspects. Firstly, combined with the simulation results of defect and imaging experiments, we can find that the irradiance of defect imaging in the simulation results is equal to the grayscale of defect image in the experiment. Secondly, the imaging results of defect are indeed related to the depth size of defects. Thirdly, the irradiance at the center of the bright spot is monotonously increasing with the depth of the defect, which can prove our previous hypothesis.
Based on the above optical simulation results, we propose that the 3D shape of the defect can be measured indirectly by using the functional relationship between the depth scale of the defect and the grayscale of image. Depending on this connection, we need to further design a complete measure-ment system to achieve defect measurement. Therefore, we will build a perfect imaging system to capture high-quality defect images, and use regression algorithm to establish the relationship between defect image data and physical 3D data, and finally complete the construction of the visual measure-ment system in Section III.
III. VISUAL MEASUREMENT SYSTEM
Based on the optical simulation results of defect, in this section, we carefully designed and optimized the visual measurement system which can obtain high-quality defect images for the first time, which includes optical imaging system and regression algorithm. Firstly, in order to ensure high-quality defect images, we summarized the detailed imaging requirements analysis to guide the parameter optimization of each module of the imaging system, and discussed the implementation of the imaging system. Then, we selected the appropriate regression algorithm to train the defect image and physical size and got the regression model to characterize the 3D measurement of the defect.
A. IMAGING SYSTEM OPTIMIZATION
A typical visual imaging system, which includes three core parts: imaging camera, illuminant and optical path. In the imaging system we're going to design, it is necessary to clarify that the design of the optical path, including the illumination mode and environmental conditions, is indispensable for obtaining uniform illumination. In addition, the imaging camera needs to consider two independent parameters for resolution and grayscale bit depth to ensure that the system could obtain high quality images.
A structure of our proposed optical imaging system is clearly shown in Fig. 4 . In this system, the imaging illumi-nant is provided by binary black and white stripes displayed on the TFT screen, and the defect sample is placed between the camera and the illuminant, and is backlighting. Defect images were acquired by an industrial charge coupled device (CCD) equipped with a focusing lens. A desktop computer configured for Windows 7 environment is used for image processing of defect, and the regression algorithm and data processing we use will also run on the Windows platform.
1) REQUIREMENT ANALYSIS
We need to analyze and summarize the imaging characteristics of the defects on the imaging system requirements, to guide and optimized the design of the imaging system correspondingly, to obtain the best quality of the defect image. The goal of the proposed measurement method is to measure the depth size indirectly from the defect image. therefore, the captured defect image should be able to clearly highlight the texture gradient of the defect.
Obtaining high-quality, high-definition, high-stability defect images is the ultimate objective of optical imaging systems, therefore, we linked each requirement with the corresponding system module to find the appropriate standard for the design of the system. For example, to obtain a high-quality defect image, a camera with enough resolution must be selected. In addition, an illuminant with uniform brightness is required to ensure the image is clear. Table 2 summarizes all the imaging requirements and innovative solutions that meet the vision measurement system. Next, we will detail how to select the modules of the system around these requirements.
2) CAMERA RESOLUTION
For imaging camera, the most important issue is to determine the minimum resolution of camera, which is related to whether the acquired image can characterize the grayscale characteristics of the defect with enough sharpness. The resolution of camera is a key parameter for the imaging system to achieve high precision measurements. In general, the higher the camera resolution, the clearer the grayscale characteristics of the defect image, but it also means more storage cost and running time. Therefore, it is necessary to find the minimum resolution of the camera that can accurately characterize the grayscale features of defects.
The resolution of the camera is closely related to the two parameters of the width of target defects and the size of the imaging field of view. In the imaging experiment of defects, we used a camera with 5.1 million pixels for image acquisition, and the field of view was selected as 61.5 mm × 48.5 mm, the width of defect samples are at least about 200µm, and the width of the defect imaging area under this condition includes 9 pixels, and the actual resolution of the acquired defect image can be calculated as R = (9/200)× 2.54 × 10 4 ≈ 1143 ppi. In the calculating pro-cess of the resolution, the core question we need to explore is how many pixels are needed to characterize the smallest width of defects. In the previous study, we defined the defect as a micro-plane-convex lens model [27] . Fig. 5 visually shows the process of n pixels characterizing the defect. The more pixels that characterize the same defect, the larger the resolution of the image acquired by the corresponding camera.
Therefore, we select the corresponding field of view according to the width of the target defect and the number of pixels characterizing the defect, and finally we can calculate the resolution of the image captured by the required camera.
Firstly, we assume that the minimum width of the target defect is w min mm, and the imaging width is characterized by n pixels, the field of view is L × S mm. The actual resolution of the image is:
And the size of image captured by the required camera is M = L × S/R 2 pixels. If only from the perspective of detecting the presence or absence of defects, the defect area can be characterized by one pixel, however, our goal is to obtain the depth from the grayscale characterization of defect images. Therefore, n, which is closely related to the accuracy requirements for measurement, can be determined according to the minimum size of the measured object and the size of the imaging field of view. The above calculation process shows that we choose the resolution of the camera according to the size of the measure-ment defects and measurement accuracy requirements. Although we can choose a low-resolution camera, in order to ensure high-precision measurement of defects, we chose a high-resolution camera of 5.1 million pixels in the designed imaging system. This is also for the subsequent establishment of the regression model of the data prediction more accurate.
3) CAMERA GRAYSCALE BIT DEPTH
The grayscale bit depth of the camera is another important issue for choosing the camera. Ideally, the more the grayscale bit depth of the camera, the more the gray level of the defect image can be characterized, and the clearer the depth texture. The appropriate grayscale bit depth of the camera is enough to characterize the grayscale characteristics of defects, which plays an extremely important role in obtaining clear images of the defect.
We assume that the depth difference between the maximum defect and the minimum defect is dµm, and the corresponding grayscale of defect image change g levels, so the grayscale resolution of defect images is:
Therefore, we could select the grayscale bit depth of camera according to the grayscale resolution of the demand and the depth range of the measured defect. The grayscale bit depth selection process of the required camera is shown in Fig. 6 .
We choose an 8-bit gray industrial camera for image acquisition experiments. The specific data of defects can be found in Table 3 . From this, the grayscale resolution of defects in the depth direction can be calculated as R g = g/ d = 140/17 ≈ 8.23/µm, that is, the defect depth changes 1µm, the grayscale of image changes 8.23 levels. Because the computer can at least distinguish one grayscale change, so the value of R g can meet the requirements of computer grayscale resolution, that is, the 8-bit gray camera is sufficient to characterize the grayscale of defects which changes in depth 1µm. The above discussion shows how to choose the grayscale bit depth of the camera. In addition, if we want to increase the gray level of the defect image to make the depth texture of the defect clearer, the feasible method is to select a camera with a larger grayscale bit depth, such as a 16-bit gray camera, but at the same time increase the amount of image data and the running time, or increase the exposure of the camera.
4) ILLUMINANT AND LIGHT PATH
The illuminant and the optical path are the two most important parts of the imaging system. A suitable illuminant would accurately reflect the grayscale characteristics of the defect image, and the best optical path could achieve uniform illumination. Therefore, the choice of illuminant and optical path is critical to obtaining clear defect images.
Firstly, the problem we should solve is what kind of illuminant to choose. The best illuminant could improve the imaging performance of defects and reduce the complexity of image processing. Structured light is widely used in three-dimensional measurement of objects [32] , [33] , in previous studies, we used striped structured light as an illuminant for defect imaging, which is provided by programmable binary stripes displayed on TFT-LCD. The striped structured light could effectively enhance the image contrast of the defect [26] - [28] . Therefore, we will continue to use striped structured light as the imaging illuminant of the imaging system, which is displayed on a TFT-LCD (1280×1024 ppi).
In addition to selecting the most suitable illuminant, the optical path plays an indispensable role in the imaging process, including lighting method and environmental conditions. As for the lighting method, one important concern is specifically how to position the illuminant and the imaging camera to achieve high-quality images. The two existing standard lighting methods are diffuse lighting and backlighting. Diffuse illumination, which is usually suitable for imaging mirror or diffuse objects, while backlighting, which is suitable for imaging transparent objects, can make the camera achieve high absorption efficiency [34] . Therefore, backlighting is the best choice for the transparency of polarizer defect. In addition, for imaging environmental conditions, we firstly consider that the imaging system must be placed in the hood to reduce the effects of ambient light. At the same time, in order to avoid the effect of light reflection from the inner wall of the hood, the inside wall should be a matte material, thus obtained defect images are robust to the change of the illuminant.
Based on the above discussion of lighting methods and environmental conditions, the optical path we proposed is shown in Fig. 7 . An imaging system consisting of a camera, a defect sample, and an illuminant is placed in a hood, the optical axis of camera is perpendicular to the TFT monitor, and a polarizer sample placed between the camera and the TFT monitor. What's more, the imaging system needs to be positioned on a horizontal platform and reduce external mechanical vibrations and artificial interference. Satisfying the above-mentioned conditions, the imaging system could obtain high-quality defect images robustly.
B. REGRESSION MODEL
In addition to the above imaging system, the regression model, which is designed to find a method to predict the physical depth of unknown defects by mathematical regres-sion algorithm, it should also be included in our measure-ment system as a software module. Therefore, establishing a high-accuracy regression model is very important for measuring the accuracy of the system. In this section, we will focus on how to model the mathematical model between the grayscale of defect images and the physical depth to estimate the physical depth of the new defect. The frame-work for the constructed regression model is shown in Fig. 8 . Firstly, we will capture the gray image of the defect on the built imaging system, and obtain the maximum grayscale of the bright spot center of defects, and use the confocal microscope to obtain the physical depth value of defects. Then the regression algorithm is used to train the two parts of the data to get the regression model. Finally, the 3D shape of the unknown defect is obtained by the proposed regression model.
In order to predict the defect depth of the new sample, a mathematical regression method can be used to find a regression function to describe the relationship between the grayscale of the defect image and the depth. A typical regres-sion method is a polynomial model, but the linear model is too simple, and three or more models are prone to overfitting. Therefore, the quadratic model is a typical choice, and the true depth and estimation can be minimized by least squares and other methods. Obtained by the distance between the depths. However, methods such as least squares are susceptible to noise interference, especially the small sample problem of this study.
The SVR [35] - [38] regression model can achieve higher accuracy. SVR uses a nonlinear kernel to transform the training data into a high dimensional feature space where linear regression can be performed. The nonlinear SVR solution, using an ε-insensitive loss function
and Gaussian RBF kernel with the form,
is given by
subject to the conditions,
Therefore, the support vectors are exactly the points where Lagrange multipliers are greater than zero. The regression function is given by:
where:
In this paper, we choose the Gaussian Radial Basis Function (RBF) kernel and polynomial kernel to optimize the parameters. In this experiment, we utilized the library of support vector machine (lib SVR) to implement the SVR correction algorithm. There are three parameters in the RBF kernel, i.e., C, σ and ε. C is the penalty factor for the regression. the σ is the gamma of RBF kernel which determines the RBF width. ε is the factor of the lost function. Among all these three parameters, a large value of σ make the regression like linear regression. Furthermore, adjusting the values of ε can avoid over-fitting of regression and control the amount of support vectors. In our experiment, after optimization to achieve the lowest regression error, C is set to Infinity, and the other two are set to σ = 5 and ε = 0.025, respectively. There are two parameters in poly-nomial kernel, i.e., C for the penalty factor and d 0 for the order of polynomial kernel. In our experiment, these two parameters were lasted set at C = 10 and d 0 = 3.
IV. SYSTEM IMPLEMENTION
As the software and hardware modules of measurement system have been designed in the above section, this subsection discusses how to use the imaging system to capture high-quality defect images. Also, in order to obtain an accurate regression model, we also discuss the process of obtaining training data.
A. IMAGE EXPERIMENT
In this subsection, after configuring all the experimental parameters in detail, we used the imaging system to capture the image of defects, and then show and describe some defect images. The structure of our vision imaging system is clearly shown in Fig. 9 . In this imaging system, the imaging illumi-nant is provided by binary black and white stripes displayed on the TFT screen, and the defect sample is placed between the camera and illuminant, and is backlighting. Defect images were acquired by a plane-array CCD camera (Microvision MV-EM510M) equipped with a focusing lens (Computar 8 mm 2/3''). A desktop computer (Inter i5-7400 3.00 GHz 8 G RAM) configured for Windows 7 environment is used for image processing of defects, and the regression algorithm and data processing we use will also run on this Windows platform.
The experiment of defect image acquisition was carried out in the hood. First, we configured the main parameters of the imaging system, including the field of view, the width of black and white stripes, and so on, which are given in Table 4 . Keeping the conditions of experiments unchanged, we collected 100 defect images in turn, and transmitted the collected image to the computer. It is worth noting that the width of black and white stripes in stripe structured light can be matched with other combinations and the same imaging effect can be obtained.
The experimental result of image acquisition is to obtain a clear defect image data set. Fig. 10 shows the gray image of the defect, which has obvious gray levels, there are six images that show the grayscale characteristics of defect images with depth from small to large. In particular, the region of the black circle represents the manually marked region of interest (ROI), which is intended to facilitate the location of the defect.
In Fig. 10 , it can be observed that the shape of defects in the image is uniformly elliptical. This phenomenon does not correspond to the claim that the defect is a plane-convex lens model. Through multi-sample verification experiments, we clearly understand the reasons for this phenomenon. Because of the polarizing characteristics of the polarizer, the ray propagating in a direction parallel to the transmission VOLUME 7, 2019 FIGURE 10. The images of defect samples: (a)-(f) is defect image with depth from small to large, respectively. The image size is 300 pixels×300 pixels. The red rectangle is the enlarged image of the cut defect area (30 pixels×30 pixels), and the black cycle are artificial markers used to assist in positioning.
axis can pass through the polarizer, while the light perpendicular to the transmission axis cannot pass through. The greater the angle between the propagation direction of light and the transmission axis, the lower the transmittance of the light. Therefore, the shape of the defect of the polarizer on the image is elliptical.
B. DATA ACQUISITION
In the proposed regression model, the input trained data includes the image grayscale of defects and the physical depth. Therefore, in this section, we discussed the process of image data and physical depth acquisition of defects in detail. We processed the collected defect images and obtain its grayscale, and we used confocal laser microscope to obtain the physical depth of the defect.
In the first step, we obtained the maximum grayscale of defect images on the MATLAB platform. Fig. 11 shows the process from capturing images to capturing grayscale in the defect area. First, proper image smoothing is necessary for defect images, we used a Gaussian template for image smoothing to reduce noise. We used a program to auto-matically find the location of defects and cut the defect image as ROI (300 × 300 pixels), and then we selected the gray-scale average of the center of the black stripe as the threshold to segment the defect region, the main process is shown in Fig. 12 . Finally, we obtained the grayscale of 100 defect samples, which is a data of regression model. Among them, it needs to be explained that we took the average grayscale of the four pixels in the defect area as the grayscale of each defect image to ensure the accuracy of the data.
In the second step, in order to ensure the accuracy of measuring the depth of defects, we used a precision measur-ing instrument to obtain the depth of defect. Laser confocal microscope [39] , [40] , as a high precision measuring instrument, is often used to measure tiny objects, and it can measure the 3D size of the internal structure of transparent thin films. Therefore, we used Keynes's laser confocal microscope (VK-X250K) to measure the depth of defects, and its depth measurement accuracy can be achieved 0.1µm. Fig. 13 shows a flowchart for obtaining the depth of defects using confocal microscope. Under the condition of keeping the scanning parameters unchanged, we measured the depth of 100 defect samples in turn. Firstly, we used an eyepiece (10×) and scanned each defect to obtain 3D profiles. Then, we used the microscope corresponding processing software to correct the plane of the defect contour, which can reduce the error caused by the deformation of the polarizer sample itself. Fig. 14 shows the way to extract the depth value of the defect. Fig. 14 (b) shows how to measure the depth of a defect. In GB/T 3301-1999, various defects measured in depth are described in terms of the vertical distance from the deepest point to the surface. Therefore, we took the distance from the lowest point of the contour to the correction plane as the depth scale of the defect artificially. In addition, there are certain errors in the manual operation method, which may affect the measurement accuracy of defect depth, so we carried out a proper error evaluation experiment. Table 5 shows 10 defect samples using confocal microscopy to obtain depth data 5 times in a row. From the result, it can be seen that the standard deviation of manual extraction of defect depth data is less than 0.15, so errors caused by manual operations can be tolerated.
To sum up, after completing the above two steps, we have obtained the grayscale and physical depth data of 100 defect samples, so we would use the established regression model to analyze the performance of the measurement system in Section V.
V. PERFORMANCE ANALYSIS
The hardware and software modules of the measurement system were analyzed in detail in Section 3. Performance analysis [41] - [44] , an indispensable process to test the measurement quality, is proposed to ensure the robustness and stability of the proposed visual measurement system in this section. The proposed system was tested in terms of three aspects: the processing speed, the time required to measure the depth of each defect, accuracy, the degree of deviation between the measurements of the defect and the ground truth, system consistency, which represents the reproducibility of measurements at different time points. The results of these performance analyses are as follows.
A. PROCESSING SPEED
The processing speed is one of the most significant indicators to evaluate the character of the measurement system. In the speed test, we compare the difference in the spent time between the defect depth measured by the proposed measure-ment system and by laser confocal microscope to analyze the performance of the system.
In the test experiment, in order to ensure the rationality, firstly, we randomly selected 10 defect samples, and the specific location of each defect was manually marked in advance, and then under the same conditions, each unknown defect is measured in turn and the time spent was recorded. Firstly, the depth of each defect was measured using a confocal microscope, and the spent time is T 1 . On the other hand, we used the imaging system to collect the gray image of each defect, the grayscale extracted from the defect is sent into the trained SVR regression model to obtain the depth measurement value, and the processing time is T 2 . Fig. 15 visually shows the specific time of each defect measured by the confocal microscope and measurement system and average measurement time. From the results of data comparison, it can be seen that the time of obtaining each defect depth by the proposed measurement system is much less than that measured by confocal microscope, and the speed of estimating the defect depth is obviously improved.
It needs to be explained that for precision measuring instruments, the realization of high-precision measurement often means more running time, so that it is impossible to achieve a large number of automatic measuring. In contrast, our proposed measurement system only needs to send the grayscale of the defect image into the regression model to quickly estimate the defect depth. Therefore, the proposed measurement system has good advantages in measuring the 3D data of defects. In addition, the measurement speed of the system is related to the configuration of the computer, and a higher configuration can further improve the speed of defect measurement. The application of this system to the industrial automation pipeline will be able to realize the rapid estimation of the size of transparent defects on polarizers or transparent films, so as to improve the production efficiency.
B. ACCURACY
With measurement accuracy, it means the degree of closeness between the measurement of the defect depth and the ground truth. We will use a confocal microscope to measure the depth value obtained by the defect as the ground truth, and calculate the difference between the measurements acquired by the measurement system and the ground truth of the depth to evaluate the performance of the measurement system. Firstly, we also randomly selected 10 defect samples, and the depth measurement by confocal microscope is D = {D 1 , . . . , D N }, and the depth of the proposed system measurement is d = {d 1 , . . . , d N }, where N is the number of consecutive measurements for each sample. In this test, we set N = 5, and the average values of N measurements each defect obtained by using confocal microscope measurement and measurement system are D and d i , respectively. Then we calculate the absolute error (AE) and relative error (RE) of the defect depth measurement, which can be seen in Table 6 . Moreover, the same measurement results can be visually seen from Fig. 16 .
From the results of measurement accuracy, it shows that the absolute error of depth measurement of different sizes of defects are not exceed 1µm, and the relative error is less than ±10%. Usually, it is much more difficult to measure trans-parent defects in polarizers than opaque products, and it is much more difficult to measure internal defects than surface defects. In the existing research, Rejc et al. [45] proposed an automatic visual inspection system for the surface size of mechanical parts with a measurement accuracy range of less than ±20µm, Li et al. [46] presented a measurement method based on a two-camera vision system to measure the bayonet sizes of large automobile brake pads and the measured repeatability was ±19µm. Xiang and Zhang [47] presented a measurement method for the defect size of bearing outer ring and the maximum absolute error of measurement is 5.4µm. The objects measured in these studies are opaque and less difficult to measure, but their measurement accuracy is lower than that of proposed measurement system, which can fully reflect the accuracy of our proposed measurement system.
C. SYSTEM CONSISTENCY
In addition, for the consistency of the measurement system, we define the repeatability or repeatability, that is, the closeness of measurement at different points in time. We will use the proposed measurement system to measure the un-known defect sample several times continuously, the time interval of each measurement is the same, and the measure-ments of each time point is obtained. Firstly, we still random-ly selected 10 defect samples, each sample was measured every minute, recorded as d={ d 1 , . . . , d N }, the measurement time is N = 5. Based on the results of measurement experiment, there are two key definitions that can reflect the system consistency. The most common one is the standard deviation (SD 2 ):
where d 2 is the average measurement of 5 times each defect. And another reference index is the radio of the standard deviation to the mean (R):
Based on the above calculation, the measurement consistency of the proposed system is obtained as Table 7 . From this table, we may observe that the SD 2 of multiple measurements of 10 defect samples is 0.22 to 1.11, and its average value is less than 1.00. In addition, the calculated value of R shows the measurement consistency of our system because the average value of R is only 7.39%. Based on the results of system consistency, the proposed system can maintain good stability, and can complete the task of measuring the 3D shape of polarizer defects. It is worth noting that the consistency of the system is closely related to the stability of computers, cameras, light sources and other equipment in operation, so the analysis of consistency is essential.
VI. CONCLUSION AND DISCUSSION
This paper innovatively proposes a fast 3D shape measure-ment system for microdefects of polarizers, which is optimiz-ed by parameters to ensure high-quality defect images. The system is capable of quickly measuring the center depth of the polarizer defect (< 0.01s), which is 99% higher than that of the confocal microscope. At the same time, the system can achieve high measurement accuracy, compared with the confocal microscope as the ground truth of measurements, the measurement accuracy can reach about 80%, so as to accurately determine whether the polarizer indentation can be repaired by itself, and improve the production practice. And the measurement consistency error of our system can be maintained at about 7.39%. Hence, the accuracy of defect measurement has initially met the requirements of online automation.
Of course, we propose that the measurement accuracy of the system is lower than that of other precision measurement methods. However, our goal is to provide polarizer manu-facturers with guidance on defects. Defects below a certain size can disappear in the production process, and defects above a certain size cannot automatically disappear. So, this size should be an interval range rather than an accurate value. Therefore, we do not need to achieve high accuracy in the measurement of polarizer defects, and the accuracy (1µm) is enough to meet the measurement of polarizer defects. Although the measurement accuracy is much lower than that of confocal microscope (0.1µm), this accuracy can be used to judge whether the transparent microdefect of polarizers can be qualified in production. In addition, we also found in the experiment that adding the width and volume of defects into the training data of the regression model may improve the accuracy of the measurement. In the future, we will further study and improve the proposed measurement system.
In addition, the developed imaging system has been evaluated in practical applications and more than 300 samples have been detected and measured, which also validates the effectiveness of the proposed system. The trans-parent defect model studied in this paper can be extended to most film defects, which has guiding and construction signi-ficance for other optical system simulation. In addition, the research on the imaging system construction of transparent microdefects is also of guiding and critical significance for the defect measurement of other type of transparent films. Of course, due to the limitations of sample acquisition, the current experimental and test sample data sets are still small. In the future, we will also continue to increase the dataset size and establish a standardized database of polarizer defects, which will be open to the academic community for research. 
